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CNN Model

A general block and architecture of CNN

| | |

Batch
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Batch Batch
Normalization Normalization
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CNN Model
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https://arxiv.org/pdf/1409.1556.pdf
https://iq.opengenus.org/different-types-of-cnn-models/

CNN Model

Filter
concatenation

)

1x1 convolutions

3x3 convolutions

5x5 convolutions

i
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1x1 convolutions

1x1 convolutions

1x1 convolutions

3x3 max pooling
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Previous layer

Inception



https://arxiv.org/pdf/1409.4842.pdf

CNN Model

Deep Residual Learning for image Recognition

» Cited: > 180,000

Y

weight layer

relu
Y

weight layer
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https://arxiv.org/pdf/1512.03385.pdf
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https://medium.com/ai-blog-tw/deep-learning-residual-leaning-%E8%AA%8D%E8%AD%98resnet%E8%88%87%E4%BB%96%E7%9A%84%E5%86%A0%E5%90%8D%E5%BE%8C%E7%B9%BC%E8%80%85resnext-resnest-6bedf9389ce
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X0 X1 X2 X
——l i T —
Feature
ko kotk kot2k kot3k kot4k
map

DenseNet



https://arxiv.org/pdf/1608.06993.pdf
https://link.springer.com/article/10.1007/s12559-020-09776-8

CNN Model

In Image
> Detection

> Segmentation Semantic Classification Object Instance
Segmentation + Localization Detection Segmentation

» Classification

oy

GRASS, CAT, CAT DOG, DOG, CAT  DOG, DOG, CAT

\ TREE, SKY IR VRN )
N N e,
No objects, just pixels Single Object Multiple Object

Reference 9



https://arxiv.org/pdf/2204.07437.pdf
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/ + Kevpoint Based Detection + End to End Detection

ObjeCt DEtECtion MiIEStones +Mu|ti-resoI|:1tion pgtection

/  +Hard-negative Mining CornerNet CenterNet
) (L. Hei et al-18)
/’ , _ SSD (W. Liu Retina-Net (X. Zhou et al-19)
DPM + Bounding Box Regression et al-16) (T. Y. Lin et al-17) _
ference-free Detection
HOG Det. (P. Felzenszwalb et al-08, 10) YOLO (J. Redmon +Re
(N. Dalal et al-05) et al-16,17) Df TR (N. Carion  One-stage
VJ Det. / et al-20) detector

i _ AlexNet
(P. /V"’"’ et al 01) | +Alexhet 2014 2015 2016 2017 2018 2019 2020 2021 2022
2001 2004 2006 2008 2012 2014 2015 2016 2017 2018 2019 2020 2021 2022
Traditional Detection RCNN\ \ FPN (T. Y. Lin et al-17) Two-stage
; (R. Girshick et al-14) | - 1. Linetail-
Methods . SPPNet detector
./ (K He et al- 14} / + Feature Fusion
Deep Learning based Fast RCNN
Detection Methods (R. Girshick-15) Faster RCNN (S. Ren et al-15)

/ + Multi-reference Detection (Anchors Boxes)

Reference 1



https://arxiv.org/pdf/1905.05055.pdf

CNN Model

Object Detection
» R-CNN architecture (Two-stage)
» YOLO architecture (One-stage)

R-CNN
R-CNN: Regions with CNN features
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https://arxiv.org/pdf/1311.2524.pdf
https://arxiv.org/pdf/1506.02640v5.pdf

CNN Model

Detection Generator
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Box
Regression

One-stage (vgg, inception,
resnet, etc) e
Feature Extractor
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Classification i
Box .
(VQQ; inception, I Regression '
TWO'Stage resnet, etc)

Box Classifier

Multiway
L Classification
;I'i '
Box 13
I Refinement

Feature Extractor ;




CNN Model

R-CNN family Ere R
» R-CNN o
» Fast R-CNN
» Faster R-CNN
» Mask R-CNN
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https://ccshenyltw.medium.com/object-detection-r-cnn-fast-rcnn-faster-rcnn-mask-rcnn-retinanet-to-be-continued-71b67640445

CNN Model

R-CNN
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https://medium.com/analytics-vidhya/review-mask-r-cnn-instance-segmentation-human-pose-estimation-61080a93bf4

CNN Model

Fast-CNN

box
regression

s e —
f ; layers

fixed size feature map

Cclassification

Rols from
independent
method

RoIPoOl layer
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feature map

convolutional backbone

Fast R-CNN
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input image and region proposal pooling section result

ROI Pooling
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https://medium.com/analytics-vidhya/review-mask-r-cnn-instance-segmentation-human-pose-estimation-61080a93bf4
https://medium.com/coinmonks/review-fast-r-cnn-object-detection-a82e172e87ba

CNN Model

input
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CNN Model

2k scores 4k coordinates < k anchor boxes
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https://proceedings.neurips.cc/paper/2015/file/14bfa6bb14875e45bba028a21ed38046-Paper.pdf
https://proceedings.neurips.cc/paper/2015/file/14bfa6bb14875e45bba028a21ed38046-Paper.pdf
https://zhuanlan.zhihu.com/p/31426458

CNN Model

YOLO (You Only Look Once)
> V8 is the latest
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https://yuweichiu.github.io/%E4%BA%BA%E5%AD%B8%E6%A9%9F%E5%99%A8%E5%AD%B8%E7%BF%92/p0005-Object-Detection-S4-YOLO-v1/

CNN Model

YOLO Genealogy
A\

Radical improvement

. YOLOw1

YOLOV?
Main repository
licensing:
GPL-3.0 e
 Apache-2.0 |
all-permissive |

PP-YOLOv2

PP-YOLO

| YOLOY2Z —» YOLOV3E ——> YOLOVS

: Incremental improvement
— | >

7, Deaprlub IMBA
2015 2016 2018 2020 2021 2022

Reference
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https://cloud.tencent.com/developer/article/2212232?areaSource=104001.4&traceId=bTXJdiCqPM48qF63XTtFY

YOLO version

YOLOv1

YOLOv2

YOLOv3

YOLOvVS

PP-YOLO

YOLOv4

PP-YOLOv2

YOLOX

YOLOR

PP-YOLOE

YOLOve

YOLOvV7

backbone

GooglLeNet, VGG-16

Darknet-19

Darknet-53

CSPDarknet53

ResNet50-vd +
deformable convolutions

CSPDarknet53

ResNet50-vd +
deformable convolutions

Darknet-53

sequence of
convolutional |layers with
downscaling

CSPRepResNet

EfficientRep

Extended-ELAN

neck

2x fully connected
layers

fully convolutional
layers

FPN

SPPF, CSP-PAN

FPN, SPP

PANet, SPP

PANet

FPN

FPN, CSP, SPP

PANet

Rep-PAN

head(s)
combined classes + bboxes

combined hierarchical classes + bboxes, anchor-
based

combined multilabel + bboxes, anchor-based

combined multilabel + bboxes, anchor-based
combined multilabel + bboxes, anchor-based
combined multilabel + bboxes, anchor-based
combined multilabel + bboxes, anchor-based
decoupled multilabel + bboxes, anchor-free
multi-head (object detection, multi-label
classification, feature embedding)

Efficient Task-aligned Head (decoupled), anchor-
free

Efficient decoupled head, anchor-free

multiple (lead heads & aux heads), anchor-based

Reference

augmentations

random scaling & translations up to 20%; random
adjust exposure & saturation up to x1.5 in HSV

random crops, rotations, and hue, saturation, and
exposure shifts

no specific info, seems like the same as in YOLOv2

Mosaic, copy-paste, random affine, MixUp, random
adjust HSV, random horizontal flip

MixUp

CutMix, Mosaic, MixUp, CutOut, Self-Adversarial
Training, bilateral blurring

MixUp; random color distortion, expand, crop, flip

Mosaic, MixUp. random horizontal flip, colorjitter

CutMix, Mosaic, MixUp, CutOut, Self-Adversarial
Training, bilateral blurring

random crop. horizontal flip, color distortion, multi-
scale

Mosaic, N " >—_ e | | Vizy
v (-, Deepriup IMBA
random perspective, HSV jitter, flips, Mosaic

21


https://cloud.tencent.com/developer/article/2212232?areaSource=104001.4&traceId=bTXJdiCqPM48qF63XTtFY

CNN Model

YOLOvV3

» Using Darknet-53 for feature extraction (ResNet block)
» Using FPN (Feature Pyramid Network)

Inputs
(batch_size, 416, 416, 3)

v

Conv2D 32x3x3
(batch_size, 416, 416, 32)

1
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I [

F F-‘ predict|
—

ST predict

\
%,
A\
A
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predictl

1

i ! - '1,

Residual Block 8x 256 E Concat Conv2D + UpSampling2D ! I
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: ]

H 1

| i ! .

! 2xu :

Residual Block 8x 512 Concat Conv2D Block 5L 256 Conv2D 3x3 + Conv2D 1x1 1 p !

(batch_size, 26, 26, 512) ' (batch_size, 26, 26, 768) (batch_size, 26, 26, 256) (batch_size, 26, 26, 75) | I

H 1

T i i : :

i 1 — 3 1%1 \

: X nv !

Residual Block 4x 1024 | . Conv2D + UpSampling2D 1 co \

(batch_size, 13, 13, 1024) (batch_size, 26, 26, 256) 1 "

' |

T ! :

I

3 Darknet-53 1 )

g b b bt Conv2D Block 5L 1024 > Conv2D 3x3 + Conv2D 1x1 ! I

(batch_size, 13, 13, 1024) (batch_size, 13, 13, 75) ! -

Darknet-53 and FPN



https://liaozihzrong.github.io/2020/09/18/allinone24/

CNN Model

YOLOV4

» Using CSPDarknet-53 for feature extraction

» Using PANet + SPP

» Using CmBN (Cross mini-Batch Normalization)

» Training Method

« Bag-of-Freebies and Bag-of-Specials

E & £ & & 2

AP

£ 8 2

MS COCO Object Detection

-\\l\llhn-ml)x-r‘lm D4) el thing
\\ YOLOvVS (ours)
® A
N ASFE \‘\\\

x‘.\ R
~#—=YOLOv4 (ours) \ \_A \\’
—o—YOLOV3 [63] \\

\
~&—EMcientDet [77] \

L . YOLOV3

—d—ASFF™ [48]
CenterMask* [40]

30 S0 70 20 110

FPS (V100)

30

23
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https://arxiv.org/pdf/2004.10934.pdf

CNN Model

YOLOvV/

> Extended efficient layer aggregation networks

» Model scaling

> Auxiliary and lead head

2c¢ partial 2¢ 1 -
Expand cardinality

3x3, 2¢, 2¢, 2
3x3,2¢,2¢, 2
| 3x3, 2¢, 2¢, 2

3x3, 2¢, 2¢, 2
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l&i’t
| 4c

1
1x1, 8c, 2c, 2 |
Merge cardinality

C

!

C

ational block

cross stage connection

Stack in comput
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&i Scaling up depth  Scaling up width

f— @

Transition

0

Computational block

better

57

50

‘ § 7 9
better <fum

Partial Cross Stage Merge
Scaling up width

Transition

Scaling up width

MS COCO Object Detection

YOLOVT is +120% faster

,-*"/

—@=YOLOV7 (ours)
—&—YOLOR
—e— PPYOLOE
-8 YOLOX

- Scaled-YOLOv4
—&—YOLOVS (r6.1)
113 15 17 19 21 23 25 27 29 31 33

V100 batch 1 inference time (ms)

GT
v

/ Assigner =
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| Lead Head Loss ]
coarse
[ Aux Head H Loss ]4—
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https://arxiv.org/pdf/2207.02696.pdf
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CNN Model

aa = D&l & B9 El

FCN, Mask RCNN, U-net,

K )
1% 4% B 15 K BR (~1970)
Q..

e

Jlg

o
1<

537K 23, K-means, E#z5a 0,
opencv /A

FCN(2014)
CNNIUEFE(2012)

® =g MEER - AIMEIEERE-1970)

—1Jc
E{EE & A (~1960)

Otsu, Nobuvuki. "A threshold
selection method from gray-level
histograms." /EEE

SR (BEIE(~1960)
MR 1E1921) 26



CNN Model

Object Segmentation

P 0.6 sheep

P 0.3 dog
P 0.1 cat
P 0.0 horse

Object Detection

Semantic Segmentation

Instance Segmentation

27



CNN Model

Semantic Segmentation

Deconvolution

Convolution

A\

NAVAVANANAN

AN

NNANRNANERN

=

\NAVAVAVAVANAN

MNAVAVAVANANAN

Deconvolution

AN\

MNAVAVAVAN

MNAVANR VAN

NNANAVAVAVAVAN

MNAVANAVANA VAN

ANAVAVAVAVANAN
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CNN Model

Semantic Segmentation

U-Net

» Created in 2015, U-net was a unique CNN developed for Biomedical Image Segmentation

» U-net learns segmentation in an end-to-end setting, has now become a vary popular end-to-
end encoder-decoder network for semantic segmentation

Convolutional Encoder-Decoder

Input ﬂ
o gt . “I| Pooling Indices y

B Conv + Batch Normalisation + RelU Segmentation
B Pooling I Upsampling Softmax |
limdge viap 30

Output

RGB Image




CNN Model

Semantic Segmentation, .,

: . 128 64 64 2
U-Net Contracting path | Expanding path
input -
, put
Imi%z > N : > ': segmentation
2 9%‘ = map
¥ 105 125 I

2842

Reference
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' 256 256

>
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512 512

=» conv 3x3, RelL.U
copy and crop

¥ max pool 2x2

4 up-conv 2x2
=» conv 1x1
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https://lmb.informatik.uni-freiburg.de/people/ronneber/u-net/

CNN Model

Semantic Segmentation

U-Net++

Reference 32



https://arxiv.org/pdf/1912.05074.pdf

CNN Model

Instance Segmentation

input image

0\ V

=it

horizontal breakpoing map

horizontal line segment

~

C ?h_}/

vertical breakpoing map

: LincMet
5

ks

vertical line segmenis

n

=

camponents

MergerMet
——_

instance
segmeniation

<::> inter-cluster push force

Discriminative Loss

<= intra-cluster pull force

______

33


https://arxiv.org/pdf/1708.02551.pdf
https://openaccess.thecvf.com/content_ICCV_2017/papers/Liu_SGN_Sequential_Grouping_ICCV_2017_paper.pdf
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Instance Segmentation

' ! . RCNN Head ,
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Th ' : MaxPooling
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“  Inputimage MaskloU Head |

Mask R-CNN Mask Scoring R-CNN
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https://arxiv.org/pdf/1903.00241.pdf
https://arxiv.org/pdf/1703.06870.pdf

CNN Model

Real-time Segmentation
» YOLACT (You Only Look CoefficienTs) Reference

( \
Feature Pyramid Mask Coefficients Assembly
, Detectlon 1 1! Detection 2 \‘,
[ d \
Feature Backbone A Pll[ W
| =4 =
_ '\ Person i Racket

// . "I \ }{ ”fz";:t;°"}{w+
/ | CIB ﬁ\_&@_‘/ﬁ ®—{ Crop H Threshold
| B | { oo Jﬁ s A s s s
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https://arxiv.org/pdf/1904.02689.pdf

CNN Model

Referring Image Segmentation

.. .standing . . .someone

Man in a vest and blue jeans standing watching someone swing
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https://github.com/MarkMoHR/Awesome-Referring-Image-Segmentation/blob/master/teaser.png

CNN Model

Bottom-up Shift
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https://openaccess.thecvf.com/content/CVPR2021/papers/Yang_Bottom-Up_Shift_and_Reasoning_for_Referring_Image_Segmentation_CVPR_2021_paper.pdf
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CNN Model

Object Classification
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CNN Model

EfficientNet
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https://arxiv.org/pdf/1905.11946.pdf
https://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&arnumber=9320487

CNN Model

SENet (Squeeze and Excitation Network)
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https://arxiv.org/pdf/1709.01507.pdf

CNN Model

SKNet (Selective Kernel Network)

Kernel 3x3
y ]
F
X b Split
(]
C F
Kernel 5x5 U

@ element-wise summation ® element-wise product

Fuse

Reference

Select

42


https://arxiv.org/pdf/1903.06586.pdf
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CNN Model
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https://arxiv.org/pdf/1611.05431.pdf

ResNeSt
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https://arxiv.org/pdf/2004.08955.pdf

CNN Model

ResNeSt

ResNeSt Block

(h, w, c)

Cardinal 1

Split 1 Split r
_______ ) T
Conv, 1x7, : I'l Conv, 1x1, :
cikir |y | emr |
,[, (IR {, |
I | I
Conv, I | Conv, I
3x3, ¢'lk : : 3x3, c'fk :

I

'(n,w,c'/k)\. \-‘7-"/

Split Attention

(h, w, c’/k) \J\ f

o o

N ——— —_——
I Split Attention |

Cardinal k
Split 7 Split r
———— 1 e
Conv, 1x1, : I'[ Conv, 1x1,
cirr |y | e
v
| |
Cony, | | Conv,
3x3, c'/k : : 3x3, c'/k

- o

Concatenate

(h, w, ¢)

v

Conv, 1x1, ¢

(h, w, c)

&

Input r

(h, w, c)
Input 7 Input 2
(h, w, c)
Global pooling
(c.) !

Dense ¢’ + BN + RelLU

©) /

!

Dense ¢

Dense ¢

)y

N\

Dense ¢

l

Reference

45


https://arxiv.org/pdf/2004.08955.pdf

CNN Model

ConvNeXt
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https://arxiv.org/pdf/2201.03545.pdf

CNN Model
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https://arxiv.org/pdf/2303.16900.pdf
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CNN Model

Module design (or Feature extraction and fusion design)

Design module rather than architecture creation
> Yolov3 -> Yolov4

» CNN -> ConvNext -> InceptionNext
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